Real-time interactive magnetic resonance (MR) temperature imaging in both aqueous and adipose tissues using cascaded deep neural networks for MR-guided focused ultrasound surgery (MRgFUS) Abstract Purpose: Real-time interactive magnetic resonance (MR) temperature mapping of aqueous and adipose tissue is a challenging technique for guiding thermal therapy. To acquire the real-time interactive temperature map, the problems of long acquisition and processing time must be addressed. However, there are in turn three major considerations when it comes to reducing the acquisition and processing times. First, the temperature of adipose and aqueous tissue must be calculated in a different manner; temperature images for adipose and aqueous tissue are calculated by T1 and proton resonance frequency (PRF)-based MR thermometry, respectively. Second, the acquisition time itself should be reduced. Third, the time for processing the low-resolution (LR) MR images to high-resolution (HR) MR images and calculating the T1 relaxation map should be reduced. To overcome these major challenges, this paper proposes a cascaded convolutional neural network (CNN) framework and multi-echo gradient echo (meGRE) with a single reference variable flip angle (srVFA). Methods: To optimize the echo times for each method, MR images are acquired using a meGRE sequence; meGRE images with two flip angles (FAs) and meGRE images with a single FA are acquired during the pretreatment and treatment stages, respectively. These images are then processed and reconstructed by a cascaded CNN, which consists of two CNNs. The first CNN (called DeepACCnet) performs HR complex MR image reconstruction from the LR MR image acquired during the treatment stage, which is improved by the HR magnitude MR image acquired during the pretreatment stage. The second CNN (called DeepPROCnet) copes with T1 mapping. The DeepACCnetgenerated HR magnitude MR image with higher FA and the HR magnitude MR image with lower FA acquired during the pretreatment stage are used as the input, and T1 reconstructed by srVFA is used as the label. The DeepACCnet-generated HR phase MR image with higher FA and the pretreatment-HR phase MR image with higher FA are used to calculate the temperature map, which is based on PRF-based MR thermometry. Results: Measurements of temperature and T1 changes obtained by meGRE combined with srVFA and cascaded CNNs were achieved in an agarose gel phantom, ex vivo porcine muscle, and ex vivo porcine muscle with fat layers (heating tests), and in vivo human prostate and brain (non-heating tests). In the heating test, the maximum differences between fiber-optic sensor and samples are less than 1 • C. In all cases, temperature mapping using the cascaded CNN achieved the best results in all cases. The acquisition and processing times for the proposed method are 0.8 s and 32 ms, respectively. Conclusions: Real-time interactive HR MR temperature mapping for simultaneously measuring aqueous and adipose tissue is feasible by combining a cascaded CNN with meGRE and srVFA.
However, because the nonlinear optimization process requires iterative computing, most CS algorithms have been developed for a two-dimensional (2D) image or dynamic process (e.g., cardiac function and dynamic contrast-enhanced imaging), in which a long latency time does not matter Kerr1997_MRM 7 Nayak2019_MRM 8 . Therefore, there are limitations to the direct use of CS algorithms in reconstructing temperature images for thermal therapy guidance that requires real-time feedback.
Although a model-based approach for proton resonance frequency (PRF)-based MR thermometry has been developed to address this, the model-based approach is not applicable to adipose tissue because it achieves high accuracy only when the fat content is low Poorman2019_MRM 9 .
Therefore, several alternative methods to monitor the temperature changes in adipose tissue, including the T1 and T2 relaxation times, have been proposed Parker1984_IEEETBE 10 Gandhi1984_ISMRM 11 . Although the T1 change with changing temperature is dependent on the tissue type, it can be used in adipose tissue because the T1 changes linearly in fat from 10 • C to 70
• C Kuroda2011_MRMS 12 . In particular, simultaneous T1 and PRF-shift measurement methods have been proposed to measure the temperature of aqueous and adipose tissues using the variable flip angle (VFA). In most methods, the PRF-shift is calculated for every acquisition, and the T1 change is calculated by combin- In this study, we describe a real-time interactive MR temperature imaging method for both aqueous and adipose tissues using cascaded CNNs, which consists of one CNN to provide HR complex MR image reconstruction, and one CNN for T1 mapping. We will refer to these neural networks as DeepACCnet (CNN for HR complex MR image reconstruction)
and DeepPROCnet (CNN for T1 mapping) hereafter. Every MR-guided focused ultrasound (FUS) requires a short latency period because temperature information obtained from an MRI must be reflected immediately in the FUS treatment (i.e., real-time interactive temperature imaging), which will enable real-time image acquisition and processing through the two CNNs. This novel temperature imaging method is evaluated in MRgFUS experiments using an agarose gel phantom, ex vivo porcine muscle samples, and in vivo human volunteers.
II. Materials and methods
In this section, we describe the formulation of the proposed method and the overall data processing in detail. The complex MR images acquired during the pretreatment stage, t 0 , in T E l are
The complex MR image acquired during the treatment stage at 
where Re(·) and Im(·) denote the real and imaginary parts of the argument, respectively.
Similarly, we define its inverse operator ℧ −1 :
Then, the DeepACCNet operator is defined as Ψ: R Nx×Ny×3 −→ R Nx×Ny×2 . The algorithm used to reconstruct the HR complex MR image is
where X PRIOR ∈ R Nx×Ny×1 is the magnitude of the MR image acquired during the pretreat-
is the complex-valued MR image acquired during the treatment stage, and S U (F A 2 , t i ; T E l ).
The second CNN is the DeepPROCnet, which performs the T1 mapping. To increase the flexibility of the network, the input data was split by patches. 
eq_2_B_4
where X PROC ∈ R Nx×Ny×3 is the input of the DeepPROCnet,
, and Y PROC ∈ R Nx×Ny×1 is the DeepPROCnet generated T1 map, T 1 g (t i ; T E 1 ). The T1 change, ∆T 1(t i ; T E 1 ), is calculated as where T 1(t 0 ; T E 1 ) is the T1 map acquired during the pretreatment stage.
The temperature change map according to the PRF-shift, ∆T P RF (t i ; T E l ), is calculated Therefore, the number of input channels for DeepACCnet and DeepPROCnet are 3 and 3, respectively, and the number of output channels for DeepACCnet and DeepPROCnet are 2 and 1, respectively.
III. Experiments

III.A. Data
The study protocol was approved by the Institutional Review Board of Korea University.
The proposed method was evaluated through heating experiments of an agarose gel phantom and ex vivo porcine muscle with and without fat layers, and non-heating experiments of in vivo human prostate and brain. The phantom consisted of 2.0% agarose gel doped with NaCl (0.5%) and CuSO 4 (0.1%).
To train DeepPROCnet, MR images from the knee, brain, and low pelvic region of four healthy volunteers; ex vivo porcine muscle; and agarose gel phantom were used. A 32×32 voxels 2D patch was used for training and testing. For training DeepPROCnet, the patch was generated with an overlapping scheme of 50% overlap to adjacent patches. DeepPROCnet training data were acquired using meGRE with srVFA and the dual repetition time (TR) method To train the DeepACCnet, MR images from the knee, brain, and low pelvic region of four healthy volunteers, the brains of five healthy volunteers, ex vivo porcine muscle, and agarose gel phantom were used. DeepACCnet training data were also acquired using meGRE 
III. EXPERIMENTS
III.B. Network training
The DeepACCnet model consisted of 19 convolutional layers, 18 batch normalization, 18 rectified linear unit (ReLU) nonlinear layers, 4 max-pooling layers, 4 transposed convolutional layers, and 4 feature contracting paths. The first half of the network consisted of four groups, and each group contained two sets of convolutional layers with a 5×5×5 kernel, batch normalization, and ReLU layer. Each group was connected by a max-pooling layer.
The second half of the network also consisted of four groups containing additional featureconcatenation layers compared to the first halfs groups. Each group was connected by a transposed convolution layer instead of a max-pooling layer. Two groups were connected by two convolutional layers. Finally, the last layer applied a 1×1×1 convolution kernel. For the DeepPROCnet, the model used was identical except for the number of channels. For
DeepACCnet, minimization was performed with the Adadelta Optimizer. The learning rate was 10 −2 . The batch size was set to 12, and training was stopped after 100 epochs, as the performance at that point became stable. For DeepPROCnet, minimization was also per- 
III.C. Comparison study
The proposed DeepACCnet was compared using four methods: (1) fully sampled image; (2) keyhole method; (3) zero filled method; and (4) 
III.D. Data analysis
Differences between the results of the cascaded CNN generated temperature and T1 map and the ground truth were evaluated across subjects based on the normalized mean-square error (NMSE) and structural similarity (SSIM). The NMSE for output image X and ground truth Y is calculated by
SSIM is defined by
where the three weights (α, β, and γ) were set to 1 and the luminance (l), contrast (c), and structure (s) are described in the previous study Wang2003_multiscale 33 . To exclude the effects of the background, the center quarter of each image was cropped out and evaluated using the SSIM function provided by MATLAB 2018b (Mathworks, Natick, MA, USA).
III. EXPERIMENTS III.C. Comparison study
IV. Results
IV.A. Experiment validation by fiber-optic sensor
The axial magnitude MR images and experimental setup for the agarose gel phantom, ex vivo porcine muscle, ex vivo porcine muscle with fat layers, in vivo human brain, and in vivo human prostate are shown in respectively. Figure   Fig4 4b shows the temperature change maps measured by PRF-based MR thermometry at the 50th dynamic scan, reconstructed with fully sampled + curve fitting, keyhole + DeepPROCnet, zero filled + DeepPROCnet, cascaded CNN with HR, and cas- 
IV.C. Effects of adipose tissue: heating experiment for ex vivo porcine muscle with fat layers
IV.D. Performance regarding in vivo human datasets
The in vivo human brain results are shown in 
IV.E. Processing times of cascaded convolutional neural network
The computation times needed to acquire a temperature map for simultaneously measuring the aqueous and adipose tissues are shown in Table   Table_1 1. Fully sampled + curve fitting and cascaded CNN with HR required 8 h and 32 ms, respectively. In the case of the in vivo human prostate, fully sampled + curve fitting and cascaded CNN with HR required 11 h and 78 ms, respectively.
V. Discussion
We have proposed a cascaded CNN that allows processing of real-time interactive MR tem- The meGRE sequence is optimal for measuring the T1 and PRF changes because the optimal TEs for VFA and PRF-shift are the shortest one, and when TE is the same as T2*, respectively Todd2014_MRM 35 . In addition, because meGRE has a high bandwidth and duty cycle, an image with long TE can be acquired odeen2019_LSM 36 . Furthermore, meGRE can be used to reconstruct a materials magnetic susceptibility and electric conductivity Wang2015_MRM 37 KimJM2018_ISMRM 38 Chung2018_ISMRM 39 . It is expected that the progress of the treatment will be monitored through the magnetic susceptibility and electrical conductivity values. During HIFU sonication, if there is an area in which the attenuation (a scattering property), suddenly changes, a high temperature is produced, often causing an adverse effect on treatment. In particular, in the case of a prostate or brain, there is often calcification, and characteristic changes caused by calcification affect the temperature rise induced by HIFU sonication, which can lead to failure of the treatment Barkin2011_CJU 40 . In addition, it is thought that the strong magnetic susceptibility effect of meGRE allows for monitoring of sudden hemorrhage, among other complications, during treatment Liang1999_AJN 41 .
V.A. Limitations and future work
The primary limitation of the proposed method is the potential for deformation and motion of the subject during the treatment stage. This is a problem common to most MR temperature mapping methods. In the case of PRF-based MR thermometry, the solution proposed to address the problems resulting from deformation or motion is to use multi-baseline, referenceless, and fat-referenced PRF-based MR thermometry a method applied to obtain a baseline library, which is expected to be directly applicable by obtaining multiple baselines in the pretreatment stage from the method proposed herein. In addition, for the referenceless approach, it is likely that PRF-based MR thermometry will be applicable during the reconstruction process, and the fat-referenced approach will also be applicable in the same manner. However, there is a need to consider whether additional processing time, such as polynomial fitting performed in the referenceless or fat-referenced approaches, is required for real-time interactive MR thermometry. In practice, predicting all motion accurately is not possible, and in the case of T1-based MR thermometry, there are currently limitations to applying the referenceless method.
Efforts to understand the characteristics of the deep neural network and explore its benefits for real-time interactive MR temperature imaging will continue. MR-guided surgery requires fast acquisition and processing times for real-time interactive MR temperature imaging, as discussed in this paper. MR images acquired in the pretreatment stage can be used for various purposes, even if the acquisition time is long. In this paper, images were used in two ways, namely to obtain the T1 values using srVFA, and to improve the acquisition time by exploiting the fact that the high frequency components of the MR images do not change significantly. Increasing the resolution of MR images using the HR MR image acquired during the treatment stage is expected to be used in various ways in deep neural networks (e.g., for a discriminator CNN Kim2018_MedPhys 16 ). In addition, the issues associated with motion or deformation are also expected to diminish by exploiting deep neural networks.
In this study, we used a single-channel coil for signal reception. Although acquiring MR images using multiple channels is expected to achieve better results in DeepACCnet, singlechannel reception RF coils are often used to avoid problems such as the size of the water bath or HIFU incompatibility. In view of these points, we used a single-channel coil in this study, but using the recently developed HIFU-compatible RF coil is expected to reduce this problem Correa2010_SciRep 45 . We can accommodate an acquired MR image obtained from multi-channel RF coils by simply increasing the number of network channels in the DeepACCnet. Moreover, it is also necessary to optimize the sampling scheme when considering the number of RF coils for signal reception. Furthermore, it seems possible to use a radial or spiral sampling strategy or echo planar imaging (EPI) for real-time MR temperature imaging. However, the additional problems that arise from these approaches, such as processing time and EPI ghosts, are challenges to be solved in the future. . Overall, it is expected that the proposed method will be able to perform data augmentation through simulated heat patterning. However, PRF-based MR thermometry and T1-based MR thermometry are phase-based and magnitude-based methods, respectively. Thus, in the proposed method, the variation due to synthetic heat can be simulated by generating complex MR images to perform data augmentation.
VI. Conclusion
In this study, we demonstrated deep learning-based temperature imaging in both adipose and aqueous tissues, providing real-time interactive and high-quality imaging. This was validated based on agarose gel phantom, porcine muscle and porcine muscle with fatty layers heating tests, and in vivo prostate and brain non-heating tests. The proposed method could be critically useful in monitoring ablative therapies in both aqueous and adipose tissues.
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